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Abstract: To determine the geographical positions of sensors, numerous localization al-
gorithms have been proposed in recent years. The positions of sensors are inferred from the
connectivity between sensors and a set of nodes called anchors which know their precise loca-
tions. We investigate the effect of adverse placement and density of anchors on the accuracies
of different algorithms. We develop an algorithm called HyBrid Localization (HyBloc) to
provide reliable localization service with a limited number of clustered anchors. HyBloc is
distributed in nature with reasonable message overhead. Through simulations, we demon-
strate that HyBloc provides more accurate location estimates than some existing distributed
algorithms when there are only a few anchors. HyBloc also performs well when anchors are
clustered together.
Keywords: localization; wireless sensor networks; anchor placement.
1. Introduction
Localization is an important service in mobile computing, robotics and wireless sensor networks.
Many wireless sensor network applications become possible only when precise location information of
sensors is available, e.g. habitat monitoring, target tracking, location-based routing, etc. However, de-
termining the location of sensors is a non-trivial task especially when taking the large scale of sensorSensors 2009, 9 254
networks into account. Although equipping receivers with GPS (Global Positioning System) enables
sensors to obtain precise location information, the costs prohibit the network-wide deployment. Fur-
thermore, the reception of GPS signal is subjected to the underlying environmental conditions. Another
possible solution is manually conﬁgure each sensor and install sensors at the predetermined positions.
This solution becomes inefﬁcient when the network size increases. To enable location service in wireless
sensor networks, various localization algorithms [1–9] have been proposed in recent years.
Different algorithms employ various mathematical techniques to determine the positions of sensors,
such as multilateration [1, 8], multidimensional scaling (MDS) [3, 4], and mathematical program-
ming [2, 6, 10], etc. Basically, all existing algorithms can be classiﬁed into centralized algorithms
and distributed algorithms. In a centralized algorithm, a powerful processing node collects the global
topology information and then calculates the locations for all nodes in the networks. On the contrary,
in a distributed algorithm, a non-anchor node identiﬁes its own location based on the locality informa-
tion. However, most algorithms assume the existence of anchors with knowledge about their physical
locations by equipping receivers with GPS, manual conﬁguration or other means. Although various al-
gorithms use the location information of anchors differently, the number and placement of anchors affect
the accuracies of localization algorithms to a certain extent. Substantial amount of anchors are required
to maintain the accuracy for distributed algorithms based on multilateration. Studies [11–13] show that
the placement of anchors also affect the performance of multilateration-based algorithms. The perfor-
mance is better when anchors are uniformly distributed along the perimeter of the network. Centralized
algorithms are less susceptible to the density and placement of anchors but they are less scalable at the
same time. A centralized server is required to collect all the data, determine the solution and distribute
the position estimates to the other sensors.
In this paper, we ﬁrst study the performances of several representative algorithms when anchors are
limited and clustered. To the best of our knowledge, our paper is the ﬁrst one that addresses this issue.
The results show that none of them perform well. We then develop our solution, a distributed localization
algorithm called Hybrid Localization (HyBloc) [14]. HyBloc can work with very few anchors and gives
comparable results to those centralized algorithms. Furthermore, it is less susceptible to the effect of
adverse anchor placement. HyBloc performs well even when anchors are clustered together. This prop-
erty is especially useful when anchors cannot be spread across the network. For example, if sensors are
dropped to monitor an area where GPS signal reception is poor and manual conﬁguration is infeasible,
such as a place deep inside a canyon or understory of a dense tropical rain forest, only a few anchors can
localize themselves by GPS and are clustered at the place where GPS signal can be well-received. Other
sensors have to rely on these anchors to determine their own locations.
The paper is organized as follows. In Section II, we discuss some of the previous works of localization
in wireless sensor networks. In Section III, we give the details of our proposed algorithms. Section IV
presents the simulation results and the comparison with existing algorithms. Lastly, we conclude our
work in Section V.
2. Related Works
Localization algorithms can be classiﬁed as distributed or centralized algorithms. Most distributed
localization algorithms employ multilateration in which nodes localize by themselves. On the otherSensors 2009, 9 255
hand, centralized algorithms can be further classiﬁed into other sub-categories such as multidimensional
scaling (MDS) or mathematical programming.
2.1. Distributed Algorithms
Niculescu et al. [1] proposed a pioneering distributed localization algorithm called Ad Hoc Position-
ing System (APS). APS uses triangulation which is similar to the Global Positioning System (GPS). The
mechanism of APS becomes a model for many other localization algorithms devised later. A sensor node
ﬁrst estimates the distances from at least 3 (4 in 3-D) anchors whose location information is accurate and
known. A system of non-linear equations relating the distance estimates, the positions of the sensors
and positions of anchors is established. The system is approximated as a linear system and is solved
iteratively by each sensor. There are three propagation methods to disseminate the distance information,
namely DV-Hop, DV-Distance and Euclidean.
DV-Hop and DV-Distance adopt the conventional distance-vector exchange methods. Each anchor
node broadcasts a message to all nodes in the network. The message carries the location of the broad-
casting anchor. In DV-Hop, the message keeps the accumulated hop count along the path it has traversed,
while in DV-Distance, it keeps the accumulated path distance. The distance between a sensor and an an-
chor is estimated by the hop count or the path distance. In DV-Hop, it is estimated by multiplying the
hop count and the average hop size. The average hop size is obtained by dividing the geographical dis-
tance by the hop count between anchors. Though the absence of ranging makes DV-Hop immune to
measurement noise, the coarse estimation of distance gives a poor performance if the variance of the hop
size is large. To eliminate this adverse effect, the shortest-path distance is used as the distance estimate
in DV-Distance. The last propagation method, Euclidean, propagates the true Euclidean distance. For
sensors which are not connected to an anchor, it has to seek help from other sensors to determine the
true Euclidean distance. Therefore, a high density of anchors is needed to localize all the nodes in the
network. a high density of anchors is needed. To allow 90% of the nodes to localize, the percentage of
anchors required is as high as 40%.
Savarese et al. [7] proposed another propagation-based algorithm called Hop-TERRAIN. The algo-
rithm is similar to DV-Hop which uses both the hop count and average hop size to estimate the distance
between a sensor and an anchor. Furthermore, the position estimates is also obtained by solving a sys-
tem of linear equations. After obtaining an initial estimation, each sensor reﬁnes its estimation through
successive triangulation with its one-hop neighbours. Since the objective of the ﬁrst phase of Hop-
TERRAIN is to obtain a rough estimation, the estimates are unreliable and hence neighbours suffer from
severe error propagation if no anchor can be found in its one-hop neighbours. To mitigate the error prop-
agation, different weights are assigned to different equations. The weights depend on the conﬁdence
level of the location information of neighbours. Location information of anchors has the largest weight
as its coordinates are assumed to be exact. Though the introduction of weights gives some improvement,
the performance of Hop-TERRAIN depends on both the number and the placement of anchors. If an-
chors are clustered together, sensors that are far away from the cluster have to reﬁne their estimates by
other sensors but not anchors, which would not be very accurate. Savvides et al. [5] proposed a similar
two-phase algorithm that also consists of a reﬁnement phase. Sensor nodes ﬁrst obtain a rough estimate
by utilizing the bounding box constraints. The solution is reﬁned by applying the Kalman ﬁlter.Sensors 2009, 9 256
Costa [15] proposed a distributed MDS algorithm for localization in wireless sensor networks. Each
node participates in determining the global solution by a local loss function. Although information ex-
changesarelimitedwithinneighboursonly, multipleiterationsarerequiredtoachieveaccurateestimates.
It introduces substantial message overheads.
Him et al. [8] designed a distributed algorithm for anisotropic topologies. In general, a network is
isotropic if measurements in all directions are exhibiting the same properties; otherwise, it is anisotropic.
The major difﬁculty encountered with anisotropy is the dynamic relation between the geographical dis-
tance and the proximity measured by sensors in different directions. Sensor A may have equal path
distances from sensors B and C but the actual physical distances between A,B and A,C can differ a lot.
The path of AB may detour around a hole while the path of AC is a straight path. This is very common
in networks with irregular shape, such as a C-shape network as shown in Figure 5. To cope with this
situation, Him et al. devised a proximity-distance map (PDM) to capture the relation in different direc-
tions. Anchors derive an optimal linear transformation collaboratively to map the precise geographical
information and the proximities between anchors. The map is sent to each sensor. The mechanism of
PDM-based localization system is similar to APS except the proximities collected by each sensor are
transformed by the proximity-distance map instead of corrected by the correction factor before multi-
lateration is performed. The algorithm works well when anchors are distributed uniformly across the
network. When anchors are clustered together, the proximity-distance map is no longer reliable. The re-
lation between proximity and geographical distance in the region without any anchor is not characterized
by the PDM.
Aspnes et al. [16] analysed the localization problem in a theoretical way by the graph rigidity theory.
Ontopofthis, Goldenberg[9]etal. proposedalocalizationalgorithmcalledSweepsforsparsenetworks.
Sweeps is an iterative trilateration algorithm in which nodes are incrementally localized from an initial
set of sensors.
2.2. Centralized algorithms
Doherty et al. [10] proposed a centralized algorithm by formulating the localization problem as a
convex optimization problem. Various convex constraints are formulated by collecting connectivity in-
formation between sensors. The problem is solved by a centralized solver. The quality of the solution
greatly depends on the density and placement of anchors. The major weakness of Doherty’s formulation
is the ignorance of bounding out constraints. Since the problem is formulated as a convex optimiza-
tion problem, no bounding out constraint can be included in the problem formulation and therefore all
bounding out constraints are dropped out. Thus the performance of Doherty’s formulation depends on
the placement of the anchors. It is better to place anchors around the boundary of the networks so that
sensors fall within the convex hull of the anchors. If sensors are beyond the convex hull formed by
anchors, the positions estimated will collapse into the convex hull which gives poor accuracy.
Biswas et al. [6] alleviated the placement problem by formulating the localization problem as a
semideﬁnite program (SDP) through relaxation. Bounding out constraints are not ignored. Though SDP
requires only a few anchors and yields good results, it demands extensive storage and computation when
the network size is large. The number of constraints of a problem increases as the connectivity between
sensors increases. Although some constraints are redundant and can be removed to reduce the storageSensors 2009, 9 257
requirements, the process of reducing redundant constraints introduces extra computational overheads.
Shang et al. [3] proposed a centralized algorithm MDS-MAP which employs multidimensional scal-
ing (MDS) to tackle the localization problem. Multidimensional scaling was originated from psy-
chophysics and is widely used in data analysis. MDS is used to transform data from high dimensional
space to points in low (2 to 3) dimensional space so that they can be visualized by human. The algorithm
consists of three phases. In the ﬁrst phase, all-pair-shortest-path distances or hop counts between sensors
are collected through distance vector exchange. The path distance provides a rough estimate about the
distance between every pair of sensors. In the second phase, classical MDS is applied to yield a relative
mapin whichdistancesbetween pointsare equalorclose tothe pathdistanceprovided. Intheﬁnal phase,
the relative map is transformed to an absolute map through rotation, mirroring and shifting with at least 3
anchors. Since the position information of anchors is only used in determining the linear transformation,
MDS-MAP requires comparatively less anchors. Because of the global information and computation re-
quired by MDS-MAP, it has to be executed in a centralized fashion. To make it more applicable in sensor
networks, Shang et al. [4] proposed a distributed version, MDS-MAP(P). The network is divided into
different regions whose maps are determined locally. The local maps are merged and transformed into
a complete map. The merged map is subsequently transformed into a global map through linear trans-
formation with the location information of anchors. Though MDS-MAP(P) is claimed as a distributed
algorithm, a distributed map-merging process has not been addressed yet.
Ahmed et al. [17] proposed the SHARP approach which inspired our work. Though SHARP also em-
ploys two different localization algorithms in a phased approach, it is designed for relative localization.
Nodes positions are localized in the second phase with reference to the coordinate system determined in
the ﬁrst phase. Our proposed algorithm, on the other hand, can obtain absolute coordinates. In addition,
we look into the issues of anchor placement.
3. Our Hybrid Approach: HyBloc
In this section, we present a distributed localization algorithm named HyBloc which combines two
techniques, multidimensional scaling [18] and proximity-distance map [8]. The choice of integrating
MDS-MAP and PDM is based on our extensive studies on existing localization algorithms.
3.1. Overview
We have examined the accuracies of representative localization algorithms such as DV-distance of
APS, MDS-MAP, SDP, and PDM in networks with 50 uniformly distributed nodes and measurement
errors of 5%. The errors presented are normalized to the communication range, R, of sensors. The
results with 10 anchors randomly distributed across the networks are shown in Figure 1 and the results of
5anchorsareshowninFigure2. Eachdatapointistheaverageresultof30differentsimulationruns. DV-
distance and PDM are distributed algorithms while MDS-MAP and SDP are centralized. Since sensors
have limited memory and energy, a distributed algorithm is deﬁnitely more suitable than a centralized
one. Unfortunately, the results clearly indicate that centralized algorithms outperform distributed ones in
terms of precision in most cases. Among the two centralized algorithms MDS-MAP and SDP, although
the performance of SDP is better, the high complexity of SDP makes it impractical to be carried outSensors 2009, 9 258
Figure 1. 50-node networks, 10 anchors, measurement error=5%.
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Figure 2. 50-node networks, 5 anchors, measurement error=5%.
5 6 7 8 9 10 11 12 13 14
0
0.2
0.4
0.6
0.8
1
1.2
1.4
1.6
1.8
Connectivity
E
r
r
o
r
 
(
R
)
 
 
MDS−MAP
SDP
PDM
DV−Distance
in a sensor. We have tried to solve a problem with 200 nodes using SDP but it was unsolvable with a
3.2GHz PC equipped with 1GB of memory. The problem size was too large that it quickly ran out of
the memory available. On the other hand, APS and PDM have similar complexity but the performance
of PDM is a lot better. Therefore, we focused our studies in MDS and PDM. Figure 2 shows that PDM
cannot perform as good as MDS when there are only a few anchors. We then studied their performance
in large networks(200 nodes) where anchors are clustered in a corner. The results are shown in Figure 3.
From the results, we realized that the performance of MDS is less dependent on the number of an-
chors. Five anchors are enough for a sensor network with 200 uniformly distributed nodes. Other
algorithms usually fail to give meaningful results with such a small number of anchors. However, the
accuracy of MDS drops signiﬁcantly when the network topology is irregular in shape [ 8]. In addition,
MDS is inherently a centralized method as it requires all-pair-shortest-path distance estimates between
sensors. On the contrary, PDM, as a distributed algorithm, performs very well with an anisotropic sensor
network if anchors are well-spread across the network. With wide-spread anchors, proximity-distance
map can capture the relationship between the measured proximity and the geographical distance and
thus produces an accurate solution. The map fails to capture the global relationship when anchors are
clustered together in a local region. Hence, position estimates for nodes that are far away from the clus-
tered anchors become inaccurate. These properties induce our proposed algorithm, HyBloc, a distributedSensors 2009, 9 259
Figure 3. 200-node networks, clustered anchors, measurement error=5%.
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localization algorithm capable of delivering an accurate solution even with a limited number of clustered
anchors.
The accuracy of PDM can be improved by having more anchors. That is, if we can artiﬁcially “add”
some anchors, the performance can be improved. HyBloc employs a hybrid approach in which MDS is
used to increase the number of anchors in order to extend the anchor coverage of PDM. In the beginning,
there are a few nodes that are equipped with GPS receivers and we call these nodes primary anchors. In
the ﬁrst phase, a subset of ordinary sensors are selected as secondary anchors. Nodes which are neither
primary anchors nor secondary one are called normal sensors. The deﬁnition of primary and secondary
anchors will be employed consistently throughout this paper. The locations of secondary anchors are
determined by MDS. The number of secondary anchors is controlled such that MDS can be performed
on each selected sensor individually. After the secondary anchors have identiﬁed their locations, other
ordinary sensors are localized using PDM based on the location information of both the primary and the
secondary anchors in the second phase.
3.2. The Protocol
The positions of the secondary anchors are based on the primary anchors. It is in fact a small localiza-
tion problem since the number of secondary anchors is not large. By limiting the amount of secondary
anchors, it is justiﬁable to use MDS for ﬁnding the locations of secondary anchors. Our algorithm works
as follows. In the ﬁrst phase, some sensors are selected as secondary anchors and they are localized
through MDS. In the second phase, the normal sensors are localized through proximity-distance map.
The mapping is derived from the primary and secondary anchors altogether. In the following discussion,
we assume that nodes know the number of primary anchors kp at deployment and the total number of
nodes in the network. In case kp is not known beforehand, in our protocol, each anchor node has to
broadcast its location information to all nodes in the network and kp can be identiﬁed. The details of our
protocol are given as follows:
1. Phase Ia: Identiﬁcation of secondary anchors
Due to the different properties of uniform and anisotropic networks, we adopt different ways toSensors 2009, 9 260
assign secondary anchors. Secondary anchors are spread apart in uniform networks but are rela-
tively close in anisotropic networks.
² Uniform Networks
In uniform networks, secondary anchors can be more widely spread and can be farther away
from the primary anchors than in anisotropic networks. Each primary anchor sends an invita-
tionpacketcontainingitsuniqueID,twocountersinitializedtozeroandavalueks controlling
the number of secondary anchors, to one of its neighbours. One of the counters marks how
many secondary anchors have been selected so far while the other marks the hop count that
the invitation packet has travelled since the last secondary anchor is selected. Each invitation
packet should identify ks secondary anchors. Normal sensor receiving this packet will per-
form a Bernoulli trial with a success rate of p only if the invitation packet has travelled for
at least x hops away from the last secondary anchor or primary anchor. The success rate p
and the x-hop restriction roughly controls the separation between secondary anchors so that
they will not be clustered together. The values of p and x can be included in the packet sent
by primary anchors or stored in sensor nodes before deployment. If the outcome is true, the
normal sensor increments the counter by one and becomes a secondary anchor. The packet
will be forwarded to another neighbour until the counter equals to ks. If a secondary anchor
receives a packet originated from other primary anchors, the packet will be forwarded to an-
other node. Thus the total number of primary and secondary anchors will be kp £ (ks + 1),
kp primary anchors and kp ¤ ks secondary anchors.
² Anisotropic Networks
InaC-shaped network, path distanceis anunreliable Euclideandistance estimate whennodes
are far apart. Thus unlike an uniform network, nodes close to the anchors are chosen as sec-
ondary anchors. Each primary anchor is responsible to choose ks secondary anchors. A
primary anchor ﬁrst selects secondary anchors from its direct neighbours. If the number of
one hop neighbours is less than ks, the residue vacancies will be ﬁlled up by the two-hop
neighbours or three-hop neighbours until ks secondary anchors are selected. The total num-
ber of primary and secondary anchors is also kp £ (ks + 1).
2. Phase Ib: Localization of Secondary Anchors
In this step, secondary anchors have to acquire the proximity information between every pair of
primary and secondary anchors. After sending the invitation packet, each primary anchor sends
packets containing its unique ID and coordinates to all of its neighbours. The packet also bears a
ﬁeld marking the proximity, i.e. the distance or hop count the packet has travelled. The value is
initialized to be zero. Secondary anchors will simply repeat the operation of primary anchors, that
is sending out packets with its unique ID but leaving the coordinates ﬁeld blank.
Every node (including anchors) receiving a proximity packet from an anchor (either primary or
secondary) will store its ID and the proximity value. If a packet from a particular anchor hasSensors 2009, 9 261
been received before, the node examines the proximity and checks whether it is larger than the
stored proximity. If it is larger than the stored value, the packet will be discarded. Otherwise, the
stored value and the proximity ﬁeld of the packet will be updated and the packet will be forwarded
to other neighbours. Thus the stored proximity always reﬂects the shortest path distance or hop
count from a particular anchor.
After an anchor x has discovered its proximities to all anchors, it will send the proximities it has
collected to other anchors and wait for other anchors to repeat the same step. When all anchors
havedistributedtheproximitiestotheircounterparts, eachanchorknowstheproximityinformation
between every pair of anchors. Now, every secondary anchor can determine its location through
the classical MDS.
3. Phase IIa: Anchor Nodes Proximity-Distance Map Calculation
After calculating its physical position using MDS, each secondary anchor also knows the posi-
tion estimates of other secondary anchors since MDS provides a conﬁguration about the primary
and secondary anchors. Thus the proximity-distance map T among both primary and secondary
anchors can be calculated immediately as follows according to [8]:
Let P be the proximity matrix that pij is the proximity measure between anchors i and j where
pii = 0. The proximity measure can be hop count or cumulative path distance between anchors.
Similarly, let L be a geographical distance matrix that lij is the geographical distance between
anchors i and j. lij can be calculated by utilizing the position estimates obtained from the previous
step. P and L are square matrices with size m £ m where m is the total number of primary and
secondary anchors (kp £(ks +1)). The PDM T is deﬁned as a linear mapping that maps matrix P
to matrix L in which the following error is minimized:
ei = jjl
T
i ¡ tiPjj
2 (1)
where
li = [li1;:::;lim]
T; (2)
and ti is the i-th row of T,
T = LPT(PPT)¡1 (3)
The mapping T can be calculated by using singular value decomposition (SVD). Every secondary
anchor calculates the PDM. The mapping and the position estimates of secondary anchors obtained
from the ﬁrst phase are distributed to the normal nodes nearby.
4. Phase IIb: Localization of Normal Nodes
Each normal sensor node s uses the mapping T to process the proximity vector ps it has stored
when it aided anchors exchanging proximity information.
ls = Tps (4)Sensors 2009, 9 262
Finally, the node position is calculated by multilateration with the processed proximity vector and
the position information of primary and secondary anchors.
Figures 22 - 24 give the pseudo-codes of the actions of primary anchors, normal sensors and secondary
anchors in uniform networks.
3.3. Computational Complexity
For normal sensors, the number of operations required is comparable to existing distributed protocols.
The additional operations compared to other multilateration algorithms is the pre-process of the prox-
imity vector which is a matrix multiplication between the proximity vector and the proximity-distance
map.
For secondary anchors, their positions are determined by the classical MDS and they are responsible
to calculate the proximity-distance map. Both processes involve the computation of the Singular Value
Decomposition (SVD) of a matrix whose complexity is in the order of O(M3) where M is the total
number of primary and secondary anchors. The additional complexity introduced compared to that of
PDM is the adddition of secondary anchors. This increases the matrix size when the proximity-distance
map is calculated. However, as simulation results presented in the next section show, the number of
secondary anchors required is minimal (around 10-20). The complexity of localizing the secondary
anchors by MDS together with determining the proximity-distance map is similar to that of determining
a sub-map by a sensor using MDS-MAP(P). The sub-map includes all 2-hop neighbours of a sensor and
its size usually exceeds 10 nodes if the average number of neighbours per sensor is about 6.
4. Simulation
To justify our proposal, extensive simulations are conducted to study the performance of HyBloc.
Simulations are run with MatLab Version 7.2. Each data point is the average result of 30 different
simulation runs.
Two hundred nodes are uniformly distributed in a square grid or a C-shaped region. The average
connectivity, which is deﬁned as the average number of neighbours per sensor, is controlled by varying
the communication range of sensors. Nodes are capable of measuring the distance between itself and
any one-hop neighbour (^ d). Measurements are subjected to random errors. The error process follows the
one adopted in [3], [4] and [8]. The deviation is governed by a normal random process with zero mean
and a standard deviation of ®. This random process is denoted as N(0;®) and we refer ® as the noisy
factor. That is,
^ d = d ¤ (1 + N(0;®))
The estimation error is normalized by the communication range R. For HyBloc, we randomly pick 20
normal sensors as secondary anchors. We study the effects of anchor placement, connectivity, number
of primary anchors, number of secondary anchors and measurement noises. Table 1 gives a summary of
the simulation results.Sensors 2009, 9 263
Figure 4. Uniform Network.
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4.1. Effects of anchor placement
Aswepreviouslypointedoutthatitisnotalwaysfeasibletodeployanchorsacrossthenetwork, unlike
conventional approaches that assume anchors are spread across the network, we study the performance
when anchors are conﬁned in a certain part of the network. Figures 4 and 5 show one uniform and
C-shaped network respectively where ’¦’ denotes an anchor.
Uniform Networks
Figures 6 and 7 show the performance of PDM, HyBloc, MDS-MAP and MDS-MAP(P) where the
ﬁrst two algorithms are distributed algorithms and the latter two are centralized algorithms. Anchors are
distributed across the network or clustered together while ®=0.05 or 0.1. The performance of PDM with
clustered anchors is much worse than that of PDM with uniform anchor distribution. With secondary
anchors introduced in HyBloc, HyBloc gives a better performance for both scenarios. The average
estimation error of HyBloc with 5 clustered anchors and ®=0.1 is 0.68R while the corresponding error
of PDM is 1.52R, more than twice of the result obtained by HyBloc. The secondary anchors provide
a better capture of the relationship between the proximity and geographical distance. MDS-MAP and
MDS-MAP(P) give similar result as distance estimates between nodes are relatively accurate in uniform
topologies.
C-shaped Networks
Figures 8 and 9 show the corresponding performance in C-shaped networks. HyBloc does not always
outperform the other algorithms in C-shaped networks when anchors are uniformly distributed across
the networks. PDM even outperforms MDS-MAP and HyBloc with uniform distributed anchors. MDS-
MAP(P) yields the best result. Unreliable shortest path distances between distant sensors are avoided
by patching a number of local sub-maps to determine the absolute positions. However, the centralizedSensors 2009, 9 264
Figure 5. C-shaped Network.
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Figure 6. Uniform Networks, ®=0.05, 5 Anchors.
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Figure 7. Uniform Networks, ®=0.10, 5 Anchors.
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Figure 8. C-shaped Networks, ®=0.05, 5 Anchors.
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Figure 9. C-shaped Networks, ®=0.10, 5 Anchors.
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map merging process limits its feasibility in wireless sensor networks. The average error of PDM with
connectivity of 14.95 and ® is equal to 0.1 is 0.87R while the corresponding error of HyBloc is about
1.55R, almost doubling the error of PDM. The good result from PDM is due to the accurate characteri-
sation of proximity and geographical distance. Furthermore, the sparsity of primary anchors also affects
the accuracy of MDS-MAP and the position estimates of secondary anchors. However, HyBloc gives
a better performance than PDM when anchors are clustered in a C-shaped network. It is because the
position estimates of secondary anchors are much more reliable when primary anchors are clustered and
secondary anchors are distributed around the primary anchors. With reliable secondary anchors, better
solutions can be obtained in the second phase. If the position estimates of secondary anchors are not
reliable enough, it only degrades the overall performance of HyBloc. In summary, HyBloc should be
employed when anchors are clustered together or the underlying network is uniform.
4.2. Effects of the number of primary anchors
In this section, we will investigate the effects of the number of primary anchors on the performance
of PDM, MDS-MAP, MDS-MAP(P) and our proposed HyBloc under different network topologies.
Uniform Networks
Figure 10 shows the performance of PDM, MDS-MAP, MDS-MAP(P) and HyBloc with different
numbers of clustered anchors under different degrees of connectivity. HyBloc performs consistently
betterthanPDMwith5or10anchors. ThoughthegapbetweenHyBlocandPDMbecomessmallerwhen
connectivity increases to 25 when 10 anchors are available, HyBloc gives a more stable performance.
Clearly, adding extra anchors can improve the performance of HyBloc. However, anchors are only
used to determine the linear transformation. Thus HyBloc enjoys less beneﬁt from a further increase of
anchors and it is less dependent on the number of anchors. For example, the errors given by HyBlocSensors 2009, 9 267
Figure 10. Clustered anchors, ® = 0.1, Uniform networks.
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with connectivity = 10.74 and ®=0.1 are 0.73R and 0.66R for 5 and 10 anchors, respectively. The
corresponding errors produced by PDM are 1.86R and 1.3R.
C-shaped Networks
Figure 11 shows the corresponding performance for C-shaped networks. Though HyBloc still gives
stable results with different numbers of anchors, PDM provides more accurate solutions when sufﬁcient
anchors and large connectivity are available. Similar to spreading anchors across the network, increasing
the number of anchors and connectivity imply that more nodes will get involved in determining the
transformation between proximity and geographical distance which gives a better solution. On the other
hand, by increasing connectivity, primary anchors can reach nodes that are further away. However in
C-shaped networks, using path distance as an estimate of the Euclidean distance between nodes that are
far apart is very unreliable. It also makes the position estimates in the ﬁrst phase of HyBloc become
unreliable and affects the overall performance of HyBloc when the connectivity is high.
4.3. Sensitivity to noise
In this section, the effect of measurement noise will be examined. We test HyBloc and other bench-
mark algorithms under different noisy factors, ranging from 0 to 0.2.
Uniform Networks
Figures 12 and 13 present the performance of networks with low and high connectivity under different
degrees of measurement errors. The position estimation error of HyBloc grows signiﬁcantly when ® is
larger than 0.1. HyBloc gives an accuracy of 1.14R when ® is equal to 0.15 but strikes to 2.4R when
® becomes 0.2. Though the error of HyBloc increases sharply when ® goes beyond 0.1 for uniform
networks with low connectivity, the error of HyBloc is smaller than PDM for all measurement errorsSensors 2009, 9 268
Figure 11. Clustered anchors, ® = 0.1, C-shaped Networks.
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Figure 12. 5 Clustered Anchors, Average Connectivity=10.74, Uniform Networks.
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Figure 13. 5 Clustered Anchors, Average Connectivity=17.16, Uniform Networks.
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considered. For high connectivity, the error rate changes less abruptly than that of low connectivity.
The error of HyBloc grows from 1.01 R to 1.59R when ® increases from 0.15 to 0.2. Furthermore, the
performance of HyBloc is still better than that of PDM under all measurement errors considered.
C-shaped Networks
Figures 14 and 15 give the corresponding statistics for performance of HyBloc and PDM in C-shaped
networks. Except for the case of high connectivity with exact measurement, HyBloc gives more accurate
results than PDM. Unlike the scenarios with uniform networks, the gap between HyBloc and PDM grows
as ® increases. For networks of high connectivity, the average errors of HyBloc and PDM with ® equals
to 0.1 are 1.23R and 1.29R, respectively. As ® increases to 0.2, the difference between HyBloc and PDM
is more signiﬁcant. The average error of HyBloc is 2.06R while the average error of PDM is 2.42R.
4.4. Effects of the number of secondary anchors
After considering the computation and communication costs of MDS, the number of secondary an-
chors should be minimal to give satisfactory performance. To study the effect of the number of secondary
anchors, we vary the number of secondary anchors from 0 (i.e. pure PDM) to 40. Figures 16 and 17
show the corresponding performance for uniform networks and C-shaped networks, respectively. In gen-
eral, the average estimation error decreases as secondary anchors are introduced but any further increase
of secondary anchors beyond 10 does not give any signiﬁcant improvement. For uniform networks of
low connectivity with ®=0.05, HyBloc gives the average accuracy of 0.74R and 0.65R when there are
10 and 40 secondary anchors, respectively. The corresponding errors are 1.69R and 1.65R respectively
for C-shaped networks. For high connectivity, the error with ®=0.05 for uniform networks is 0.25R for
10 secondary anchors while the error with 40 secondary anchors is 0.28R. The corresponding errors in
C-shaped networks are 0.92R and 0.97R for 10 and 40 secondary anchors, respectively.Sensors 2009, 9 270
Figure 14. 5 Clustered Anchors, Average Connectivity=11.68, C-shaped Networks.
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Figure 15. 5 Clustered Anchors, Average Connectivity=18.61, C-shaped Networks.
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Figure 16. 5 Anchors, Uniform Networks.
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In view of the complexity incurred from the ﬁrst phase of HyBloc and the marginal performance gain
through increasing the number of secondary anchors, the number of secondary anchors should be chosen
from 10-20 (that is 5% to 10% of the network size).
4.5. Effects on the position of anchor cluster
In previous investigations, anchors are clustered in the corner of the network. In this section, we
examine the effect of the positions of anchors on the estimation errors.
Uniform Networks
For uniform networks, the position of the anchor cluster does not affect the general performance of
PDM, MDS-based algorithms nor HyBloc. For PDM, the accuracy is mainly affected by the character-
isation of the transformation which is affected by the size of the region covered by the anchors instead
of the positions. For MDS-MAP, the performance is also independent of the position of the anchors as
the major purpose of anchors is determining the absolute coordinates for the relative map. However, we
can anticipate that the performance will be affected in C-shaped networks as path distance becomes an
unreliable estimate of the Euclidean distance between two nodes that are far apart.
C-shaped Networks
Instead of putting the cluster of anchors at the top left corner, we placed the anchor cluster at the tip of
the ’C’. Figure 18 shows one speciﬁc instance. Figure 19 shows the performance of PDM, MDS-MAP,
MDS-MAP(P) and HyBloc with ®=0.05. By comparing with Figure 8, we can see that the error surges
for more than a double except for MDS-MAP(P) when anchors are clustered at the tip of the ’C’. The
accuracy drops drastically as the path connecting most of the nodes and anchors detoured around the ’C’
which makes the path distance greatly over-estimate the true Euclidean distance. Since MDS-MAP(P)Sensors 2009, 9 272
Figure 17. 5 Anchors, C-shaped Networks.
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does not depend on the shortest path distance between distant nodes, its error does not rise as others.
4.6. Communication Overheads
Since secondary anchors are introduced in the HyBloc algorithm, more messages are transmitted
comparing with PDM. The additional messages are incurred by the selection and localization of sec-
ondary anchors. Each secondary anchor has to perform a ﬂooding so that all other nodes can estimate
the proximities from the secondary anchors. Furthermore, extra messages are also used to determine the
location of secondary anchors and the proximity-distance map. It requires the primary and secondary
anchors to exchange their proximity vectors to each other. Suppose that there are x primary anchors and
y secondary anchors. Our protocol requires a total of (x + y)2 unicast messages while PDM incurs x2
unicast messages. In MDS-MAP(P), although nodes determine their local maps which cover neighbours
within 2 hops, the map merging process is still centralized in nature. A large amount of messages are
needed to collect the sub-maps for map merging and to distribute the position estimates between the
sensors and a dedicated node.
Figures 20 and 21 present the average number of messages transmitted in uniform and C-shaped
networks, respectively. There are 5 anchors in each network and 10 secondary anchors are selected for
HyBloc. Since the map merging process is centralized, the number of messages required by MDS-
MAP(P) is several times of that of HyBloc. Also noted that the centralized map merging process also
introduces a hot-spot problem in the network. High data trafﬁc appears around the node that determines
the global map. On the other hand, although HyBloc requires more messages than PDM because of the
extra phase performed by the secondary anchors, the number of messages does not vastly increase with
the degrees of connectivity.Sensors 2009, 9 273
Figure 18. 5 Anchors clustered at the tip of ‘C’.
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Figure 19. 5 Anchors, ®=0.05, C-shaped Networks.
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Figure 20. Average number of messages transmitted per uniform network.
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Figure 21. Average number of messages transmitted per C-shaped network.
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Table 1. Summary of Simulation Results.
PDM MDS-MAP, MDS-MAP(P) HyBloc
² Performs well in
both isotropic and
anisotropic networks
with moderate amount
of anchors uniformly
distributed across the
network.
² Performance deteri-
orates much when
anchors are clustered
together.
² Requires the least
amount of messages
compared to MDS-
MAP(P) and HyBloc.
² MDS-MAP performs
poorly in anisotropic
networks but MDS-
MAP(P) performs
equally well in differ-
ent topologies.
² Performance is less de-
pendent on the number
of anchors.
² Very few anchors (4 to
5) are enough.
² Centralized in nature,
requires a large amount
of messages.
² Performs well with
clustered anchor
placement.
² Increases of primary
anchors gives marginal
improvement as perfor-
mance of MDS is less
dependent on number
of anchors.
² 5% to 10% of sensors
should be chosen as
secondary anchors.
² Performs relatively
poorer in C-shaped net-
works than in uniform
networks.
² Requires moderate
amount of messages.
5. Conclusion
In this paper, we present a hybrid localization algorithm which performs well with very few anchors.
Reducing the number of anchors deployed can reduce the cost of sensor network substantially. Through
extensive simulations, we demonstrate that the proposed algorithm gives results as accurate as those of
MDS-MAP under uniform networks even when the number of anchors is minimal. At the same time,
our algorithm exhibits less complexity by employing secondary anchors and PDM in the second phase
of localization. Although HyBloc requires more messages than PDM, the message overheads are much
smaller than that of MDS-MAP(P). Simulation results also show that our proposal is less susceptible to
adverse effect of anchor placement. The proposed algorithm can be implemented in a distributed fashion
efﬁciently when the number of secondary anchors is chosen appropriately. From simulations, we ﬁnd
that choosing secondary anchors from 5% to 10% of network size can give good performance.
However, most networks in real-world applications are not isotropic. For anisotropic networks,
though HyBloc gives better results than PDM when anchors are clustered together, there is room for
improvement on accuracy. The major difﬁculty encountered in localization in anisotropic networks isSensors 2009, 9 276
to obtain a reliable distance measurement between two nodes that are far away from each other. PDM
devises a transformation between the path distance and the geographical distance between anchors which
helps nodes to reﬁne their path distance estimations. Unfortunately, the anchors may not be distributed
across the network all the time. The fact that anchors may be placed close to each other puts the relia-
bility of the transformation devised in doubt. To circumvent this problem, we introduce the secondary
anchors in order to increase the coverage of anchors. However, as MDS does not perform very well in
anisotropic networks, the position estimations of secondary anchors are less accurate than in isotropic
networks. In view of this difﬁcult situation, a possible extension is to perform the localization sequen-
tially and introduce secondary anchors gradually outward from the cluster of anchors. In the future,
we would like to explore how to perform more accurate localization for C-shaped networks where an-
chors are clustered in the tip. We also would like to analyse the performance of the various localization
mechanisms from an analytical perspective.
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Figure 22. The Pseudo-Code of a Primary Anchor.
Primary Anchor Action
1: SET counter = 0
2: SET path dist=0
3: SET hop count travelled=0
4: insert an entry with id and coordinates of the anchor itself
5: send invitation packet fid, counter, ks,hop count travelledg to a neighbour
6: send proximity packet fid, (x coordinate,y coordinate), path distg to all neighbours
7: while NOT all shortest path distances from other anchors are collected do
8: listen for packet
9: if packet = invitation packet then
10: forward the packet to a neighbour other than the sender
11: end if
12: if packet = proximity packet then
13: if entry of the source existed in the table then
14: if path dist+measured distance from sender < stored path dist then
15: path dist=path dist+measured distance
16: forward the updated packet to another neighbour
17: stored path dist=path dist
18: end if
19: else
20: stored path dist=path dist
21: insert an entry for the source fid, (x coordinate,y coordinate), stored path distg
22: end if
23: end if
24: end while
25: send the table to all other anchors
26: while NOT all table from other anchors are received do
27: listen for packet embedding table from anchor
28: end while
29: compute the position estimates for secondary anchors (with empty coordinate ﬁeld) by MDS
30: compute the proximity-distance map
31: send the proximity-distance map to neighboursSensors 2009, 9 279
Figure 23. The Pseudo-code of a Normal Sensor.
Normal Sensor Action
1: while PDM not received do
2: listen for packet
3: if packet = invitation packet then
4: if hop count travelled ¸ x then
5: run Bernoulli experiment with probability p
6: if outcome = TRUE then
7: perform secondary anchor action
8: else
9: hop count travelled = hop count travelled +1
10: forward the invitation packet to another neighbour
11: end if
12: else
13: hop count travelled = hop count travelled + 1
14: forward the invitation packet to another neighbour
15: end if
16: end if
17: if packet = proximity packet then
18: if entry of the source existed in the table then
19: if path dist+measured distance from sender < stored path dist then
20: path dist=path dist+measured distance
21: forward the updated packet to another neighbour
22: stored path dist=path dist
23: end if
24: else
25: stored path dist=path dist
26: insert an entry for the source fid, (x coordinate,y coordinate), stored path distg
27: end if
28: end if
29: if packet = proximity-distance map then
30: transform the proximtiy (stored path dist) by the received proximity-distance map
31: determine location estimate through multilateration with the transformed proximity
32: end if
33: end whileSensors 2009, 9 280
Figure 24. The Pseudo-code of a Secondary Anchor.
Secondary Anchor Action
1: if counter+1< ks then
2: counter=counter + 1
3: set hop count travelled = 0
4: forward the invitation packet to another node
5: end if
6: while NOT all shortest path distances from other anchors are collected do
7: listen for packet
8: if packet = invitation packet then
9: forward the packet to a neighbour other than the sender
10: end if
11: if packet = proximity packet then
12: if entry of the source existed in the table then
13: if path dist+measured distance from sender < stored path dist then
14: path dist=path dist+measured distance
15: forward the updated packet to another neighbour
16: stored path dist=path dist
17: end if
18: else
19: stored path dist=path dist
20: insert an entry for the source fid, (x coordinate,y coordinate), stored path distg
21: end if
22: end if
23: end while
24: send the table to all other anchors
25: while NOT all table from other anchors are received do
26: listen for packet embedding table from anchor
27: end while
28: compute the position estimates for secondary anchors (with empty coordinate ﬁeld) by MDS
29: compute the proximity-distance map
30: send the proximity-distance map to neighbours